Purpose: To identify the optimal mother wavelets in survival prediction of lung cancer patients using wavelet decomposition-based (WDB) radiomic features in CT images. Materials and methods: The CT images of patients with histologically confirmed nonsmall cell lung carcinomas (NSCLCs) in training (Dataset T; n = 162) and validation (Dataset V; n = 143) datasets were analyzed for this study. The optimal mother wavelets were identified based on the impacts of the WDB radiomic features on the patient survival times. Four hundred and thirty-two three-dimensional WDB radiomic features were calculated from regions of interest (ROI) of 162 tumor contours. A Coxnet algorithm was used to select a subset of radiomic features (signature) based on the prediction of survival times with a fivefold cross validation. The impacts of the radiomic features on the patients' survival times were assessed by using a multivariate Cox proportional hazard regression (MCPHR) model. The major contribution of this study was to identify optimal mother wavelets based on a maximization of a novel ranking index (RI) incorporating the Coxnet crossvalidated partial log-likelihood and the summation of the P-values of the radiomic features in the MCPHR model on Dataset T. The prognostic performance of the optimal mother wavelets was validated based on the concordance index (CI) of the MCPHR models when applied to Dataset V. The proposed approach was tested by using 31 mother wavelets from 6 wavelet families that were available in a commercially available software (Matlab â 2016b). Results: The optimal mother wavelets were Symlet 5 and Biorthogonal 2.6 at 128 requantization levels, which yielded RIs of 4.27 AE 0.29 (3 features) and 6.50 AE 0.50 (5 features), respectively. The CIs of the MCPHR models of Symlet 5 were 0.66 AE 0.03 (Dataset T) and 0.64 AE 0.00 (Dataset V), whereas those of Biorthogonal 2.6 were 0.68 AE 0.03 (Dataset T) and 0.62 AE 0.02 (Dataset V). The radiomic signatures included the GLRLM-based LHL gray level nonuniformity feature that demonstrated statistically significant differences in stratifying patients with better and worse prognoses in Datasets T and V. Conclusion: This study has revealed the potential of Symlet and Biorthogonal mother wavelets in the survival prediction of lung cancer patients by using WDB radiomic features in CT images.
INTRODUCTION
Radiomics is an advancing research field, which aims at transforming medical images into mineable data for the discovery of image features (radiomic or phenotypic features) related to clinical outcomes in cancer patients. Such clinical outcomes include the efficacy of chemotherapy, 1 survival prediction, 2, 3 and furthermore, prognostic predictors for specific genetic mutations 2, 4 and molecular pathways. 5 One of main advantages of radiomics is the noninvasive characterization of the entire visible tumor regions, compared with localized biopsy-based approaches, 1 thereby performing practical precision medicine in an easy, low-cost, and high-throughput manner. The potential of the radiomic features originates from the description of the intratumor heterogeneity that is caused by the presence of different mutations harboring in same tumors, 6 and whose high levels were found to be associated with poorer patient survival across diverse types of cancers. 7 The discovery of predictable prognostic image features, that is, features which allow us to stratify the patients into worse and better prognoses based on a survival prediction, requires the investigation of various feature extraction approaches that decode the intratumor heterogeneity using different mathematical models.
The approaches for extraction of hand-crafted radiomic features can be classified into three major approaches:
histogram-based statistical features, localized (texture) statistical features and shape features. The histogram-based features are derived from the image histogram characterizing the overall distribution of the quantization levels at a region of interest (ROI). The texture features are calculated by investigating the local intensity (quantization level) distributions within tumors, that is, the relationship between the intensity at each voxel and those at the neighboring voxels. 8 However, these features represent only the intensity variations in the image, which might be affected by the imaging modalities and their parameters. In order to represent specific structures in the images such as edges, mathematical transformations are applied to the images, followed by the application of the above-mentioned feature extraction methods. One of powerful mathematical transformations in radiomics field is the discrete wavelet transformation (DWT), 2 which can decompose a three-dimensional (3D) image into low-and/or high-frequency components at different scales by using basis functions (mother wavelets). The decomposition is performed by convolving the images with the mother wavelets in a single down-sampling step at each direction, which has been known as "wavelet analysis filter bank" approach. 9, 10 The mother wavelets have multiple characteristics that give impacts on the computation of radiomic features, particularly the texture features on wavelet-transformed images. [11] [12] [13] Such characteristics include the number of filter coefficients, the number of vanishing moments, symmetry, orthogonality, and computational complexity. 11 The number of coefficients controls the smoothness of the mother wavelet, where larger numbers produce smoother decompositions, but with the cost of a computational complexity. The number of vanishing moments is related to the ability of the mother wavelet in enhancing structures that can be approximated to high-degree polynomials in the processed image. Symmetry indicates the identical decomposition of the image regardless of the convolution forward or reverse direction. The orthogonality indicates decompositions with less correlations among the different directions.
Numerous mother wavelets have been designed to fit with different applications, for example, image filtering and compression. The simplest mother wavelet is Haar, which is a square-shaped function consisting of two coefficients, and it is the only mother wavelet having both orthogonality and symmetry properties, 9 but it is not continuous (not smooth). 10 Daubechies were developed based on the Haar wavelet, and have larger numbers of coefficients (smooth) but they are asymmetric. 14 Nearly symmetric mother wavelets have been developed, including Symlets, Biorthogonal, and Reverse Biorthogonal mother wavelets, 14 which have a less degree of orthogonality but with higher smoothness. 15 Coiflets were developed based on the Daubechies mother wavelets to be orthonormal and have higher symmetry than Daubechies mother wavelets 16 ; however, they are less symmetric than biorthogonal mother wavelets. 15 Several studies have suggested the use of DWT-based decomposed images for the calculation of radiomic features.
2,17-19 Aerts et al. used a Coiflets mother wavelet (Coiflet 1) in extracting radiomic features from CT images in lung and head and neck cancer patients, and some of those features were found to have a prognostic value. 2 Balagurunathan et al. have utilized Daubechies and Coiflets mother wavelets, and computed energy and entropy features on the decomposed images for assessing the temporal stability of those features in test-retest settings in CT images. 17 Liu et al. have investigated the association between wavelet decomposition-based (WDB) features, which were obtained with Daubechies and Coiflets mother wavelets, and the mutation status of epidermal growth factor receptor (EGFR) genes in nonsmall cell lung carcinoma (NSCLC) patients. 18 Wu et al. have investigated the capability of WDB features obtained by using the Coiflets mother wavelet (Coiflet 1) in the histological classification of lung cancers (adenocarcinoma and squamous cell carcinoma). 19 Even though several mother wavelets exist, the dependence of the radiomics-based prognosis prediction, in terms of the patient survival time, on the mother wavelet has not been investigated yet.
The purpose of this research was to identify the optimal mother wavelets in survival prediction of lung cancer patients using WDB radiomic features in CT images. Six mother wavelet families, that is, Coiflets, Symlets, Daubechies, Biorthogonal, Reverse Biorthogonal, and Fejer-Korovkin were investigated in this study. We focused on lung cancer because it has attracted increasing attentions in previous radiomics studies as a result of its high mortality and several costly and possibly unnecessary surgical procedures. 20 We hypothesized that optimal mother wavelets could produce features with higher prognostic powers, in terms of their associations with the overall survival time.
MATERIALS AND METHODS

2.A. Clinical cases
This study was performed using four datasets, that is, a training dataset (Dataset T), a validation dataset (Dataset V), a test-retest dataset (Dataset TR), and a multiple segmentation dataset (Dataset MS) (Table S1 ). Dataset T consisted of positron emission tomography (PET)-CT images of NSCLC patients (n = 162) that were selected from the publicly available Radiomics-NSCLC database (n = 422) on The Cancer Imaging Archive (TCIA). 2, 21, 22 The selection criteria for the patients were that each patient should have adequate tumor delineation data without defects, such as erroneously displaced or missing contours with the PET-CT images, and its tumor histologic subtype should be either adenocarcinoma, squamous cell carcinoma, or large cell carcinoma. The selected dataset consisted of PET-CT images of NSCLC patients (male: 115; female: 47; age range: 42-91 yrs) with inoperable, histologically confirmed NSCLCs and tumor stages I (n = 33; 20.3%), II (n = 12; 7.4%), IIIA (n = 41; 25.3%), and IIIB (n = 74; 45.1%) with unavailable stages (n = 2; 1.2%). The histologic subtypes of the 162 tumors were adenocarcinoma (n = 21), large cell carcinoma (n = 74), and squamous cell carcinoma (n = 67). The PET-CT images were acquired with an 18 F-fluorodeoxyglucose (FDG PET)-CT (Biograph SOMATOM Sensation-16 system, Siemens Medical Solutions, Erlangen, Germany), with an inplane pixel size of 0.98 9 0.98 mm 2 , a slice thickness of 3 mm and 16-bit gray levels. The patients were treated with radical radiotherapy alone or with chemoradiotherapy. The radiation treatment plans were performed by a radiation oncologist on a treatment planning system (XiO, Computerized Medical Systems, St. Louis, Missouri, USA). The gross tumor volumes (GTVs) were defined based on fused FDG PET-CT data, therefore, they are assumed to include the exact GTV regions.
Dataset V consisted of CT images of patients (n = 143) who were selected from the publicly available NSCLC Radiogenomics database (n = 211) on TCIA. [22] [23] [24] The selection criteria were that each patient should have adequate tumor delineation data without defects, such as erroneously displaced or missing contours with the CT images. The selected dataset consisted of CT images of NSCLC patients (male: 107; female: 37; age range: 43À87 yrs) with histologically confirmed NSCLCs and tumor stages 0 (n = 4; 2.7%), IA (n = 57, 39.9%), IB (n = 29, 20.3.%), IIA (n = 15, 10.5%), IIB (n = 13, 9.1%), IIIA (n = 20, 14.0%), IIIB (n = 1, 0.6%) with unknown stages (n = 3, 2.1%). The histologic subtypes of the 143 tumors were adenocarcinoma (n = 110), squamous cell carcinoma (n = 30), or not otherwise specified (NOS) (n = 3). The CT images were acquired at two different institutions with helical CT scans (Lightspeed VCT and Discovery CT750HD systems, GE Medical Systems, Milwaukee, Wisconsin, USA) with several in-plane pixel sizes and slice thicknesses. The tumors were delineated by using semiautomated segmentation open-source platforms (ePAD and 3D Slicer).
Dataset TR consisted of CT images of patients with pathologically confirmed NSCLC (n = 19) that were selected from the publicly available online Reference Image Database to Evaluate Therapy Response (RIDER) NSCLC dataset (n = 32) on TCIA. 22, 25, 26 This dataset was used to select the features with repeatability. Each patient underwent two thoracic CT scans acquired by the same scanner within 15 min of each other with the same acquisition protocol. The CT images were scanned with a 16-detector row CT or a 64-detector row VCT scanner (LightSpeed 16, GE Medical Systems, Milwaukee, WI, USA). The images had an in-plane pixel size of 0.576 9 0.576 mm 2 and a slice thickness of 1.25 mm. The tumors were segmented using a semiautomated segmentation open-source platform (3D Slicer) and verified by an experienced medical physicist (N. N.).
Dataset MS included CT images of patients with lung NSCLC (n = 30) that were selected from three datasets publicly available online within the Quantitative Imaging Network (QIN) multisite collection of Lung CT data with nodule segmentations. [27] [28] [29] This dataset was used to assess the reproducibility of the radiomic features under different imaging and segmentation conditions. The selected datasets were: Lung Image Database Consortium-Image Database Resource Initiative (LIDC-IDRI) (n = 10; gender not available; slice thickness: 1.0À2.5 mm), QIN-Lung CT (n = 10; male: 4; female: 6; slice thickness: 3 mm), and RIDER Lung CT (n = 10; genders unknown; slice thickness: 1.25 mm) and included in total 30 tumor volumes. The tumor volume in each image was independently segmented by 3 different institutions, that is, Columbia University Medical Center, Stanford University and Moffitt Cancer Center/University of South Florida (USF). Each institution performed the segmentation by using its in-house segmentation algorithm and under three different initial conditions of the algorithm. These configurations have resulted in nine segmentations of each tumor, thereby yielding in total 270 segmentations. 27, 28 2.B. Overall scheme Figure 1 illustrates the overall scheme of the proposed scheme. The optimal mother wavelets in the prediction of the overall survival time of lung cancer patients were identified based on CT image-derived radiomic signatures constructed by using a penalized multivariate Cox proportional hazard regression (pMCPHR) model using the Coxnet algorithm, [30] [31] [32] [33] [34] which is briefly explained in Appendix. ROIs including the tumor regions on the CT images were extracted based on GTV contours delineated in the radiation treatment plans. The extracted ROIs were interpolated by using a cubic interpolation in order to obtain images with an isotropic voxel size. Next, 432 3D WDB radiomic features, which consisted of 14 histogram-based and 40 texture features of 8 wavelet decompositions (54 features 9 8 wavelet decomposition filters), were calculated from the ROIs determined with the tumor contours. Repeatable and reproducible features among repeated CT scans, different imaging conditions and different tumor segmentations were identified by using the independent test-retest and multiple segmentation datasets, respectively. Along with clinical information including the patient's age, tumor stage, histologic subtype, and survival time, the repeatable and reproducible features were fed into a pMCPHR model using the Coxnet algorithm for construction of a radiomic signature by selection of the features mostly associated with patients' survival times and maximizing a cross-validated partial log-likelihood. The impacts of the selected radiomic features on the patients' survival times were assessed based on the P-values of the coefficients of a multivariate Cox proportional hazard regression (MCPHR) model. The average cross-validated partial log-likelihood of the pMCPHR model and the Pvalues of the features in the MCPHR model were used for identifying the optimal mother wavelets. Table S2 shows the radiomic features (n = 54) computed in this study with the feature types. The 432 WDB features were derived by calculating 14 histogram-based and 40 texture features on each of 8 wavelet decomposition images. The texture features were calculated from four texture characterization matrices, that is, gray level co-occurrence matrix (GLCM), 8 gray level run-length matrix (GLRLM), 35 gray level size-zone matrix (GLSZM) 36 and neighborhood gray-tone difference matrix (NGTDM). 37 The matrices were constructed by analyzing the ROI with a 26 connectivity. Details of the computational procedures are described in Refs. [38, 39] .
2.C. Computation of radiomic features
The wavelet transform can decompose with multiscale (multiresolutionally) local intensity variations in an image into several low-and high-frequency components. 10 The local intensity variations correspond to intratumor heterogeneity in radiomics. 2 The decomposition was performed by applying either a low-pass filter (scaling function, L) or a high-pass filter (wavelet function, H) in each direction. Thus, the eight wavelet decomposition filters consisted of combination of three using either a low-pass filter (L) or a high-pass filter (H) in each direction. The decomposition is followed by a down-sampling, that is, increasing the image scale by 2. 9, 10 In this study, a single-scale decomposition was applied similarly with previous approaches. 2, [17] [18] [19] Zero-padding (extension with zero voxels) was applied to the input images to obtain an image (matrix) size of 2 m , where m is a positive integer number, for the calculation of the decomposition images. Table I shows the mother wavelets used in this study with the filter size (number of coefficients).
The wavelet decomposition images were processed for the calculation of the radiomic features. In order to calculate the features at a similar image resolution (voxel size) of the input isotropic image, the decomposition images were up-sampled using a cubic interpolation. In order to reduce the variability caused by different voxel sizes, 40 the voxel size in upsampled images in all datasets was set to (1 9 1 9 1 mm 3 ). The histogram-based WDB features were calculated in the decomposed images. To calculate the WDB texture features, the wavelet decomposition images were requantized into a fixed number of requantization levels (N q ) based on a look-up table in the range of À2000 to 1975. In order to assess the impact of the number of requantization levels, three values were tested, that is, 64, 128, and 256 levels. Figure 2 shows a cross-sectional example from a 3D CT image of a lung cancer decomposed based on the wavelet analysis filter bank approach using Symlet 4 mother wavelet. The LLL decomposition image is an averaged image, because low-pass filters (L) were applied in all directions. The usage of high-pass filters (H) enhanced the high-frequency, for example, edge components of the image.
The image preprocessing and computation of wavelet decomposition were performed by using in-house functions developed on Matlab â 2016b, whereas the computation of the radiomic features was performed by using the Matlab â -based Radiomics tools package. 
2.D. Selection of repeatable and reproducible radiomic features
Repeatable and reproducible features were selected by using an intraclass correlation coefficient (ICC) 41 computed on Datasets TR and MS, respectively. The 432 radiomic features were computed on both datasets by using the mother wavelets in Table I . The ICC was independently computed on each of the two datasets. The ICCs from both datasets were computed using two-way random-effects models in order to generalize the repeatability and reproducibility of the features regardless of the order of the cases and the test-retest measurements in Dataset TR or the segmentations in Dataset MS. The ICC was defined under an absolute agreement condition. Features that yielded ICCs ≥ 0.75 were considered repeatable and reproducible, and were selected. 41 The ICC was computed by using the "icc" function in the "irr" package in R Ver. 3.4.3. 42 
2.E. Construction of radiomic signatures
Radiomic signatures were constructed by selecting the features based on a pMCPHR model derived using the Coxnet algorithm. [30] [31] [32] [33] [34] This algorithm was selected because of its adjustability with respect to a penalization term by using a blending parameter a 2 [0, 1] in Eq. (A2), that is, least absolute shrinkage and selection operator (lasso; a = 1), ridge regression (a = 0), or elastic-net penalty terms (0 < a < 1) (see Appendix). At large a values (e.g., lasso regularization), this characteristic helps in reduction of highly correlated radiomic features while obtaining a sparse solution in the coefficients of the selected features. 43 The Lagrange multiplier k 2 [0, 1] in Eq. (A2) of the elastic-net regularization was optimized on a uniform grid of 100 values (as recommended in Ref. [30] ) by using a one-step coordinate descent algorithm, 31 which was applied to Dataset T with a fivefold cross validation. Having a fixed grid step, compared to Newton step-based optimization algorithms, the algorithm converges efficiently between the initial estimate and final solution. 31 The number of radiomic features with nonzero coefficients corresponding to k yielding the maximum cross-validated partial log-likelihood was selected. 34 The radiomic signature was constructed by combining the patient's age, tumor stage, and histologic subtype with either three or five features whose regression coefficients were larger in absolute values than the others selected by the Coxnet algorithm. The numbers three and five were arbitrarily selected to assess the incremental value of the features on the performance of the MCPHR models.
The Coxnet algorithm was performed by using the "ADMMnet" function with the "Cox" setting of the function family in the "ADMMnet" package in R Ver. 3.4.3. The impact of the radiomic signature on the patient's survival time was assessed by using an MCPHR model. The overall significance of the signature features was assessed by considering the summation of the coefficients' P-values of the features in the model using Fisher's method, 44 in which the summation S is expressed by: 
where l is the number of the features in the radiomic signature. The coefficient's P-value represents the statistical significance for accepting either a zero or a nonzero coefficient. Therefore, this approach was assumed to reveal the features with significant associations with the patients' survival times. Fisher's method was performed by using the "sumlog" function in the "metap" package in R Ver. 3.4.3. 42 To assess the prognostic power of the MCPHR models, the concordance index (CI) and log-likelihood ratio test's P-value (P < 0.05) were used. CI indicates the model's ability to classify the patients into worse and better prognoses groups, 45 where a value of 0.5 indicated a random prediction of the prognosis and larger values indicated higher classification power, with perfect classification indicated by 1. In addition, in order to account for the false discovery rate, a Benjamini-Hochberg (BH) adjustment was applied to the P-values of the features in the MCPHR models. 46 The survival analysis was performed by using the "coxph" function in the "survival" package in R Ver. 3.4.3. 42 To assess the independent performance of whether a specific radiomic feature can stratify the patients into classes with better and worse prognoses, the patients in Datasets T and V were divided into two classes based on the median of the feature value. A Peto-Peto log-rank test 47 was used to assess the statistical significance between the two classes.
2.G. Selection of optimal mother wavelets
The optimal mother wavelets were selected by considering both the Coxnet-based pMCPHR model's cross-validated partial log-likelihood PL and the summation S of the MCPHR model's P-values. The two terms were combined in a ranking index (RI), which was newly defined as:
A larger value of RI indicates a larger significance of the features and/or a smaller absolute cross-validated partial loglikelihood of the Coxnet-based pMCPHR model. The RI of each mother wavelet at the three numbers of requantization levels was estimated on Dataset T, and those with the largest RIs at each number of requantization levels were considered as optimal mother wavelets and validated on Dataset V. The reproducibility of RI was assessed by iterating its calculation on Dataset T for 10 iterations and calculating the average RI (RI) and standard error. Only mother wavelets that selected 3 or 5 features in at least 8 out of 10 iterations were considered. In addition, because PL is dependent on randomly selected samples at each iteration, the average PL and standard error (standard deviation divided by square root of the number of cross-validation folds) of PL at the largest RIs within the iterations were reported for comparison among the mother wavelets.
The optimal mother wavelets were validated on Dataset V by fixing the MCPHR model coefficients of the radiomic and clinical features, which were obtained from the training step, and predicting the survival time using the same features computed in Dataset V. CI was calculated for the evaluation of the optimal mother wavelets in terms of the predictions obtained from Dataset V by using the "aucConcordance" function in the "survival" package in R Ver. 3.4.3. 42 The survival times longer than 5 yr were right-censored at 5 yr. that is, Datasets TR and MS, at three numbers of requantization levels. Dataset TR has revealed that 256 requantization levels yielded the lowest repeatability of the WDB features, whereas 128 requantization levels have produced the highest repeatability. A similar tendency can be noticed for the reproducibility at Dataset MS, where 128 requantization levels produced higher reproducibility compared with 64 and 256 levels. Figure 4 shows the RIs of the mother wavelets tested in this study (Table I) and 1, and N q = 64, 128, and 256 levels. No relevant features, features less than three, or features less than five in construction of the radiomic signatures were found in several mother wavelets using the Coxnet algorithm. Therefore, in order to keep the consistency of results through comparison among models constructed from identical numbers of features, those mother wavelets were not reported in Fig. 4 . RI was calculated with radiomic signatures including three [Figs. 4(a) Tables II and III summarize the performance of the MCPHR models using three and five radiomic features, respectively, corresponding with the optimal mother wavelets identified in Dataset T at N q = 64, 128, and 256 levels. In order to clarify the advantage of the MCPHR models based on the radiomic features, their performances were compared with those of signatures constructed from only clinical features, that is, patient's age, tumor stage, and histologic subtype, on Datasets T and V. The P-values of the clinical features with the CIs of the MCPHR models are summarized in Table IV. The model constructed from the signature of three radiomic features with the strongest prognostic power corresponded to Symlets (Sym5) at 128 requantization levels and a = 0.5, which achieved CIs of 0.66 AE 0.03 and 0.64 AE 0.00 on Datasets T and V, respectively. The three constituent features were GLRLM-based LLL gray level nonuniformity (GLN), HLL GLN, and LHL GLN, whose coefficients have shown statistically significant differences (P < 0.05). In addition, the smallest p-value among the MCPHR models was that of the Sym5-based model (P = 2.00 9 10 À4 ; log-likelihood ratio test). For the signatures including five radiomic features, the model with the largest CIs at Datasets T and V corresponded to the Biorthogonal 2.6 with a = 0.25 at 128 requantization levels, which were 0.68 AE 0.03 and 0.62 AE 0.02. In this model, the features with a statistical significance were GLRLM-based LLL SRE, GLRLM-based HLL GLN, and GLRLM-based LHL GLN. The model has also shown a statistical significance on Dataset T (P = 5.00 9 10 À4 ; log-likelihood ratio test). It is noteworthy that the clinical features did not show statistical significances in both signatures of three and five radiomic features on Dataset T. Medical Physics, 45 (11), November 2018 Table IV demonstrates the prognostic powers of MCPHR models constructed from signatures including only the clinical features. In Dataset T, the MCPHR models and the constituent features did not show a statistical significance. However, in Dataset V, the model has shown a statistical significance (P < 0.01; log-likelihood ratio test) and yielded a larger CI of 0.68. In comparison with the performance of the models of Symlet 5 and Biorthogonal 2.6 on Dataset T, the CIs have increased when the radiomic features were incorporated in the MCPHR models. However, the significant association between the tumor stage and survival time in NSCLC patients has been reported in many studies. [48] [49] [50] Therefore, the discrepancy in the statistical significances (P-values) of the clinical features, particularly the tumor stage between Datasets T and V may have been caused by the small number of cases used in this study. Figure 5 shows Kaplan-Meier curves obtained for the GLRLM-LHL GLN feature, which has shown prognostic powers in Tables II and III , on Datasets T and V using Symlet 5, Biorthogonal 2.6 and Coiflet 1 mother wavelets. Figure 5(a) shows that Symlet 5 GLRLM-based LHL GLN feature has yielded statistically significant differences (P < 0.01; log-rank test) between patient groups of worse and better prognoses in both datasets. Biorthogonal 2.6 has shown a similar performance on Dataset T; however, a weaker performance was obtained on Dataset V. Coiflet 1 GLRLM-based LHL GLN feature has produced a stronger performance on Dataset T; however, a weaker performance was obtained on Dataset V (P = 0.02; log-rank test).
RESULTS
DISCUSSION
Aerts et al. used a Coiflet (Coiflet 1) mother waveletbased radiomic features in the survival prediction of lung cancer patients. 2 In their approach, histogram-based and texture, that is, GLCM-and GLRLM-based features were calculated for the tumor and wavelet-decomposed CT images. The GLRLM-based HLH GLN feature was found of a prognostic power. In our results, we found that Coiflet 1 has produced MCPHR models with weaker prognostic performance compared with mother wavelets from Biorthogonal, Reverse Biorthogonal and Symlets mother wavelets. In addition, the Coiflet 1 GLRLM-based LHL GLN feature has shown a weaker performance in terms of distinguishing worse and better prognosis patients on Dataset V compared with Symlet 5 GLRLM-based LHL GLN feature. This might indicate that Symlet, Reverse Biorthogonal and Biorthogonal mother The statistically significant features and models were set in bold. 
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wavelets are recommended for the survival prediction and stratification of lung cancer patients. Figure 6 shows a comparison between Coiflet 1 mother wavelet, which was used in previous studies, 2, [17] [18] [19] with Symlet 5 and Biorthogonal 2.6 mother wavelets, which were identified as optimal in Dataset T in our study. The difference between Coiflet 1 with Symlet 5 and Biorthogonal 2.6 is the higher symmetry in the low-pass filter of the latter mother wavelets, whose form is similar to a sinc function, compared with Coiflet 1 wavelet. The symmetry was recommended in the mother wavelets for texture analysis, 11 and had an impact of enhancing the peripheral edge as well as intratumoral regions, as shown in the difference images of the LLL images in Fig. 6 . In addition, Symlet 5 and Biorthogonal 2.6 have larger numbers of coefficients compared with Coiflet 1 (6 coefficients), which might be an additional characteristic to obtain WDB features with a better prognostic performance.
The Coxnet algorithm allowed us to select the features associated with the survival time in the feature selection step. Parmar et al. investigated the potential of several filter-based feature selection algorithms using a binary (discrete) classification of the patients based on the survival time. 51 The drawback of this approach is the exclusion of censored patients from the cohort, thereby reducing the number of training/validation data and possibly limiting the generalizability of the results. On the contrary, the Coxnet algorithm would be a better choice because it involves the MCPHR model which deals with the survival time as a continuous variable and accounts for the censorship information. [30] [31] [32] [33] [34] The blending parameter a has revealed the advantage of using the mother wavelet Daubechies 3 under the 'lasso' regularization term in the selection of radiomic features, thereby obtaining radiomic signatures with less-or noncorrelated features. In addition, the adjustment of a < 1 has revealed the possibility of obtaining signatures with a prognostic power at the ridge or elasticnet regularization conditions when different numbers of requantization levels were used. This might indicate the necessity of testing different regularization schemes when training the feature selection models.
We noticed that using different numbers of requantization levels (N q ) could remarkably affect the performance of the mother wavelets. Sixty-four requantization levels produced a larger number of valid pMCPHR models, as shown in Figs. 4(a) and 4(b) . By increasing N q to 256, less numbers of pMCPHR models were produced, possibly related to the degraded stability of the features. This agrees with the results obtained from the Dataset TR in Fig. 3 , where the features from all mother wavelets have shown the lowest average ICC at 256 requantization levels.
Our study has four limitations. The first limitation is that parameters of resizing images may affect the results in this study such as the in-plane pixel size and the slice thickness. The CT images in Dataset T were acquired as planning CT images using a PET-CT scan that typically has a large slice thickness and less resolution for the radiation treatment planning. The CT image-based radiomic features were found to have intrinsic dependencies on the interobserver variability in the image voxel size. 40 Shafiq-ul-Hassan et al. reported that 30% of radiomic features, which overlapped with those used in our study, were dependent on the voxel size. 40 Even though we unified the resampling voxel size to increase the stability of the features, we may have different results from the current results if down-sampled images including different voxel sizes were employed. Image preprocessing parameters including the interpolation method and image down-sampling may affect our results. The linear interpolation method could reduce the variability in the radiomic features by 18% compared with the cubic interpolation. 52 We should investigate the impact of these parameters on the mother wavelets. The second limitation is that the treatment method information, which has an essential impact on the patient's survival time, was not incorporated in the MCPHR models due to the limited treatment information in the training database. The third limitation is the usage of cases of tumors located at a single organ (lung), which requires investigating the optimality of the mother wavelets on cases of tumors from various anatomic sites. The fourth limitation is that the optimal mother wavelet was investigated on a single modality (CT), which offers information on the macroscopic level. As imaging modalities can offer biologic information at different scales, for example, molecular level in magnetic resonance (MR) images or microscopic level in microCT images, it is important to investigate the optimal mother wavelet features at the different modalities, as well.
Besides addressing the above-mentioned limitations, we prospect two main future trends of WDB features in radiomics research. The first trend is to incorporate the clinical target volume (CTV), instead of the GTV, in the analyzed ROIs. The expected benefit is to additionally involve the tumor extension and microenvironment, such as the vasculature that is considered a potential biomarker in lung cancers 53 in the prognostic models. The second trend is to investigate the potential of a combination of WDB features derived using different mother wavelets instead of a single mother wavelet. This might offer possibilities of constructing novel signatures with a stronger prognostic performance.
CONCLUSIONS
This study has investigated the optimal mother wavelets in the survival prediction of lung cancer patients using WDB radiomic features in CT images. By using radiomic signatures consisting of three and five features, Symlets and Biorthogonal mother wavelets could offer a superior performance compared with the mother wavelets used in previous studies in terms of the prognostic power and the prediction of patient's survival time. The optimal mother wavelets were Symlet 5 and Biorthogonal 2.6 computed at 128 requantization levels, which have demonstrated a strong prognostic performance on the training and validation datasets, thereby indicating their potential in CT image-based lung cancer radiomics studies.
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